Background: Besides the conventional clear-cell renal cell carcinoma (ccRCC), papillary RCC (pRCC) is the second most common renal malignancy. Papillary RCCs can further be subdivided into two distinct subtypes. Although a clinical relevance of pRCC subtyping has been shown, little is known about the molecular characteristics of both pRCC subtypes.
Renal cell carcinoma (RCC) accounts for nearly 4% of all malignancies. In Europe, the age-standardised incidence rates per 100 000 individuals are 15.8 for male individuals and 7.1 for female individuals, making RCC the tenth most common malignancy in this region (Ljungberg et al, 2011) . According to the WHO classification of tumours of the urinary system (Eble et al, 2004) , RCC is a collection of different subtypes rather than one entity. Besides conventional clear-cell RCC (ccRCC), papillary RCC (pRCC) is the second most common RCC type with an incidence of 10-15% (Nelson et al, 2007) . On the basis of histomorphological characteristics, pRCCs can further be subdivided into two distinct subtypes (Delahunt and Eble, 1997) . Survival analyses of pRCC patients indicated that type 2 pRCC (pRCC2) is associated with a worse clinical outcome than type 1 pRCC (pRCC1) (Pignot et al, 2007) .
In cases of familiar pRCC syndromes, mutations of the c-MET proto-oncogene are correlated with a pRCC1 morphology (Lubensky et al, 1999) , whereas in cases of Hereditary leiomyomatosis and renal cell cancer there is a high incidence for mutations in the fumarate hydratase (FH) gene, leading to the occurrence of pRCC2 (Gardie et al, 2011) .
MicroRNAs (miRNAs) are short, non-coding RNA molecules that are B19-25 nucleotides in length. Associated with the argonaute (Ago) proteins within the RNA-induced silencing complex (RISC), miRNAs contribute to translational silencing (Meister, 2007) . The miRNAs interact with the 3' UTR of their target genes (Lytle et al, 2007) , ultimately leading to reduced protein expression. Extensive deregulation of miRNA expression has been observed in ccRCC cases (White et al, 2011a; Osanto et al, 2012) . MicroRNA expression signatures are highly reproducible; therefore, the definition of a signature of malignancy (Jung et al, 2009) or a molecular classification of tumours according to their miRNA expression is feasible (Lu et al, 2005) . For prostate cancer, we previously showed that a set of only three miRNAs was able to correctly discriminate between prostate cancer samples and the corresponding normal tissue from the same organ with an overall accuracy of 77% (Wach et al, 2012) .
Here, we performed miRNA expression profiling in RCC subtypes. Global miRNA expression profiles were established using miRNA microarrays. A reduced set of five miRNAs was identified that was subsequently used to establish a sequential classification model. These miRNAs were able to discriminate between the tumour and the corresponding normal tissue samples with high accuracy. In addition, they were also able to distinguish between the histological tumour entities of ccRCC and pRCC subtypes 1 and 2.
PATIENTS AND METHODS
Patients and tissue samples. The use of the patient tumour samples for the molecular analyses was approved by the institutional ethical review board, and the study was conducted according to the standards set by the declaration of Helsinki. A first patient set was acquired from the local Institute of Pathology and was designated as the discovery set. It consisted of seven cases of ccRCC, eight cases of pRCC1 and eight cases of pRCC2. After a pathological review by an experienced uropathologist (AH), samples of the tumour and associated normal tissue were prepared. Briefly, formalin-fixed and paraffin-embedded (FFPE) tissue sections were prepared in 10-mm slices and microdissected to generate samples of tumour and the corresponding normal tissue. In addition, we incorporated one sample of normal tissue derived from a ccRCC case and one sample of pRCC1 tumour tissue.
A second patient cohort, the designated validation set, was provided by the tissue bio-repository at the University Cancer Center (UCC), University Hospital Erlangen. Haematoxylin and eosin-stained tissue sections were reviewed by an experienced uropathologist (AH). The RCC subtypes were classified according to the WHO guidelines for tumours of the urinary tract (Eble et al, 2004) . This patient cohort consisted of 37 tumour and 32 normal tissue samples, derived from the corresponding normal tissue. Normal control tissue consisted of renal cortex, including parts of the normal tubular system, taken from the opposite pole of the kidney to avoid the cancer field effect. The tissue specimens were cryopreserved samples, and the tumour samples displayed a varying tumour cell content ranging from 40% to 100%. The pathological review revealed eight cases of pRCC1, nine cases of pRCC2 and one case of pRCC where no further subclassification was available. In addition, this patient cohort contained 19 cases of ccRCC.
RNA extraction. The RNA from frozen tissue samples was extracted using the Trizol reagent (Invitrogen, Karlsruhe, Germany) according to the manufacturer's instructions. The RNA from FFPE tissue preparation was extracted using the MasterPure complete DNA and RNA purification kit (Epicentre Biotechnologies, Madison, WI, USA), according to the manufacturer's instructions. All RNA preparations were treated with RNase-free DNaseI (Roche, Mannheim, Germany). The RNA yield and purity was determined using a microliter spectrophotometer (NanoDrop 1000, Thermo Scientific, Wilmington, DE, USA).
MiRNA microarrays. The miRNA microarray expression measurements were performed on GeneChip miRNA microarrays V1.0 (Affymetrix, Santa Clara, CA, USA) according to the manufacturer's instructions. The array contained sequence-specific probes for 678 human miRNAs, listed in miRBase v11.0 (http:// www.mirbase.org). The signal intensity data were further analysed with Partek software v6.2 (Partek, St Louis, MO, USA). To identify miRNAs differentially expressed between the defined sample groups, ANOVA test statistics were applied. A principal component analysis (PCA) was applied to compress the multidimensional miRNA expression data to three dimensions while maintaining the variance (Jolliffe, 2002) . The miRNA expression measurements are available at GEO (http://www.ncbi.nlm.nih.gov/geo/query/ acc.cgi?acc=GSE41282).
MiRNA qRT-PCR. Quantification of miRNAs was conducted by applying a two-step reaction using miRCURY universal reverse transcription reagents and LNA-modified miRNA-specific primers (Exiqon, Vedbaek, Denmark) according to the manufacturer's instructions. Briefly, RNA (20 ng) was reverse transcribed using the miRCURY universal cDNA synthesis kit (Exiqon). The quantitative PCRs were performed in the StepOne plus real-time PCR system (Applied Biosystems, Foster City, CA, USA), using LNAmodified sequence-specific primer sets and SYBR green PCR mix (Exiqon). All reactions were measured in triplicate in a final volume of 10 ml. The thermal cycling conditions were chosen according to the manufacturer's recommendations. For the relative quantification, every sample was analysed in parallel for the expression of specific miRNAs and the endogenous reference RNA RNU44. The relative miRNA expression levels, normalised to RNU44, were calculated by applying the DCt method (Schmittgen and Livak, 2008) .
Statistical analyses. The statistical analyses were performed using SPSS 19.0 (IBM, Armonk, NY, USA) and GraphPad Prism 4.0 (Graph Pad Software, La Jolla, CA, USA). All of the statistical tests were performed as two-sided tests, and P-values o0.05 were considered statistically significant. To determine the potential of miRNAs to discriminate between the tumour and normal samples or between the RCC subtypes, we applied binary logistic regression models. To select miRNAs essentially contributing to the discriminative model, we applied a backward elimination method with the likelihood ratio as the determinant (inclusion Po0.05; exclusion P40.1). To calculate the receiver-operator characteristics, we used the probability function generated by the binary logistic regression algorithm.
The definition of potential miRNA target genes and the pathway analysis of the predicted target genes were conducted as previously described (Keller et al, 2011) . Briefly, target genes of the best discriminative miRNAs were predicted by the miRanda algorithm using a significance threshold value of o0.01 and subjected to a gene set enrichment analysis (GSEA) using GeneTrail (Backes et al, 2007) . The predicted miRNA target genes were mapped to predefined Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.
RESULTS
MiRNA microarray expression data. The miRNA expression profiling was performed on 38 out of 46 samples from the discovery patient set where the RNA extraction yielded sufficient amounts of RNA for hybridisation. These comprised six samples of ccRCC and five samples of corresponding normal tissue, seven samples of pRCC1 and five samples of corresponding normal tissue and seven samples of pRCC2 and eight samples of corresponding normal tissue. The PCA revealed that, depending on the entity the tissue was derived from, the samples displayed a tendency to form separate clusters ( Figure 1A) . Interestingly, the normal tissue samples preferentially associated with the corresponding tumour samples rather than with normal tissue samples from other RCC entities ( Figure 1B ). When comparing tumour and normal samples, 111 miRNAs (25 upregulated and 86 downregulated) displayed a significant differential expression. Tumour samples of ccRCC and pRCC (irrespective of the subtype) differed in the expression of 100 miRNAs (38 upregulated and 62 downregulated). Between the pRCC subtypes 1 and 2, 98 miRNAs (44 upregulated and 54 downregulated) were significantly differentially expressed. MicroRNAs differentially expressed in every comparison and the degrees of differential expression are given in Supplementary Table 1 .
We then performed unsupervised hierarchical clustering using the Euclidean distance measure and average linkage. When analysing all of the samples (Figure 2 ), we reconfirmed that RCC is a very heterogeneous tumour entity. Tumour samples derived from pRCC1, pRCC2 and, to a lesser extent, those from ccRCC showed a tendency to form clusters. However, these clusters were not clearly separated from each other. Next, we examined the miRNAs differentially expressed between tumour and normal samples in each RCC entity. Within each entity, the tumour and the corresponding normal tissues formed distinct clusters (Supplementary Figure 1) . Next, we concentrated on those miRNAs that were differentially expressed in ccRCC and pRCC Figure 1 . Principal component analysis. The miRNA microarray expression data were used to construct a three-dimensional PCA. PCA stratified into normal (red) and tumour (blue) samples (A). PCA stratified into ccRCC (green), pRCC1 (red) and pRCC2 (blue) samples (B).
Figure 2. Hierarchical clustering. The miRNAs (111) identified as differentially expressed between the tumour and normal tissue samples by a one-way ANOVA were selected as markers for unsupervised hierarchical clustering. The tissue identifier (normal, ccRCC, pRCC1 and pRCC2) is shown on the top.
samples, as well as those miRNAs differentially expressed in the pRCC subtypes 1 and 2. Tumour samples from ccRCC could be efficiently separated from pRCC. Only one sample of ccRCC was assigned to the pRCC group ( Figure 3A) . Furthermore, the subtypes of pRCC could also be separated with high accuracy.
Here, only one case of pRCC1 was assigned to the pRCC2 group ( Figure 3B ).
Validation of miRNA expression data by qRT-PCR. First, we sought to validate the expression of selected miRNAs using an independent experimental method in the discovery set. We selected 10 miRNAs for validation by quantitative PCR. The selection criteria were the following: the miRNAs should have the potential to either discriminate between tumour and normal tissue, between ccRCC and pRCC, or between pRCC1 and pRCC2. The miRNAs miR-143, miR-145, miR-200c and miR-502-3p had the potential to differentiate between the tumour and the normal tissue samples. The miRNAs miR-143, miR-145, miR-15a and miR-10b had the potential to discriminate between ccRCC and pRCC tumours. The miRNAs let-7c, miR-93, miR-193b, miR-502-3p and miR-210 were potential discriminators between pRCC1 and pRCC2. Owing to a low RNA yield, four samples had to be omitted, resulting in a total of 42 samples. For normalisation, we used the reference gene RNU44. This reference gene has been successfully used in studying miRNA expression in RCC (Wotschofsky et al, 2011) . We observed that with the exception of miR-193b all of the miRNAs were
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hsa-miR-423-5p_st significantly deregulated as indicated by the microarray data. The following miRNAs were significantly downregulated in tumour tissues: MiR-200c (47.0-fold), miR-145 (11.0-fold), miR-10b (9.0-fold), miR-502-3p (6.9-fold), miR-143 (6.8-fold), let-7c (3.9-fold), miR-93 (2.7-fold) and miR-15a (2.1-fold). MiR-210 was significantly upregulated by 2.8-fold in the tumour tissue samples (Supplementary Figure 2) .
Supervised establishment of predictive rules. Using the selected miRNAs, we sought to answer three questions. Is a given sample derived from the tumour or the normal tissue? Is a tumour sample derived from ccRCC or pRCC? Is a pRCC sample derived from pRCC subtype 1 or subtype 2? To establish predictive rules, we used a logistic regression analysis. By applying a stepwise backward elimination method, we selected those that contributed essentially to the predictive model. For the discrimination of tumour and normal tissue, a combination of miRNAs miR-145, miR-210, miR-200c and miR-502-3p was determined, to correctly discriminate between the tumour and the normal tissue samples with an accuracy of 92.9% (area under receiver-operator characteristic (ROC) curve (AUC) ¼ 0.975; Po0.001). Interestingly, miR-210 was an essential contributor, although this was not suggested by the microarray data. For discrimination between ccRCC and pRCC tumours, a combination of miR-145 and miR-502-3p was determined, which was able to correctly predict the RCC entity of tumour samples in all cases (AUC ¼ 1.0; Po0.001). The miRNA miR-502-3p was essential for distinguishing between ccRCC and pRCC. However, it was primarily selected for its potential to distinguish between the tumour and normal tissue samples. Finally, for discrimination of the two pRCC subtypes, a combination of miR-210 and let-7c was selected. This combination was able to correctly predict the pRCC subtype in 92.3% of the cases (AUC ¼ 0.857; P ¼ 0.03). The characteristics of the ROC analysis are given in Table 1 and Supplementary Figure 3 .
Establishment and validation of a sequential classification model. Next, we tested the performance of the predictive rules to classify the samples of the discovery set in an unsupervised manner. All 42 samples were classified as tumour or normal. Then, those samples that were predicted to be tumour samples were assigned to the ccRCC or the pRCC group. Subsequently, those tumour samples that were assigned to the pRCC group were further subclassified into pRCC1 or pRCC2. The dignity of any sample (tumour or normal) was correctly determined in 39 of 42 cases (92.8%). The RCC entity (ccRCC or pRCC) was correctly predicted in 19 of 20 cases (95.0%), and the subtype of pRCCs was correctly predicted in 12 of 13 cases (92.3%) ( Figure 4A ).
Finally, we applied the classification model to the designated validation cohort. The established set of five miRNAs was measured by quantitative PCR, and we applied the sequential classification model using the defined parameters. The dignity was correctly predicted in 57 of 69 cases (82.6%). Within the correctly classified tumour samples, the RCC entity was correctly determined in 19 of 29 cases (65.5%). The subtype of pRCCs was correctly predicted in seven of nine cases (77.7%). When combining both sets of samples, the resulting rates of correct classification were 96 of 111 (86.5%) for the discrimination between tumour and normal, 38 of 49 (77.6%) for the discrimination between ccRCC and pRCC and 19 of 22 (86.4%) for the identification of the pRCC subtype ( Figure 4B ). Quantitative PCR measurements of the five selected miRNAs are given in Figure 5 , and the results of the classification model are given in Supplementary Table 2 .
To further characterise the discriminative properties, we performed ROC analyses using the predicted class probability from the binary logistic regression calculations as a measure (Table 1 , lower part). Overall, for the determination of the dignity of the sample (tumour or normal), the resulting AUC was 0.919 (Po0.0001). For the prediction of the RCC entity, the AUC was 0.833 (Po0.0001), and for the determination of the histological subtype of pRCCs the AUC was 0.900 (P ¼ 0.0016). The characteristics of the discovery set of samples were not significantly better than those of the complete cohort. The highly similar characteristics of the discovery set and the complete cohort of samples demonstrated that the optimisation of the binary logistic regression algorithm did not lead to a model overfitted towards the discovery set.
Pathway analysis. We performed miRNA target prediction and GSEA using GeneTrail (Backes et al, 2007) . For the miRNAs miR-145, miR-200c miR-210 and miR-502-3p, which discriminated between tumour and normal samples, a total of 1629 potential target mRNAs were identified. For miR-145 and miR-502-3p, which distinguished ccRCC from pRCC, there were 782 potential targets. For miR-210 and let-7c, which were used to discriminate between pRCC1 and pRCC2, 832 potential targets were identified. The predicted miRNA target genes were assigned to KEGG biological pathways, and those pathways enriched in miRNA target genes were identified (Supplementary Table 3 ). One prominent pathway influenced exclusively by those miRNAs discriminative for tumour and normal tissue is the family of ATP-binding cassette (ABC) transporter molecules. Here, a total of seven members are predicted to be regulated by the discriminative miRNAs, including three known multidrug-resistance proteins (MRP1, MRP2 and MRP8). Those miRNAs that were essential in discriminating between ccRCC and pRCC may have an impact on several growth factorrelated pathways, such as the vascular endothelial growth factor A Figure 5 . Quantification of miRNAs. The miRNAs that were identified as discriminators were quantified in the combined cohort of 111 tissue samples. Quantification of miR-145, miR-210, miR-200c and miR-502-3p, which discriminates between tumour and normal tissue (A). Quantification of miR-145 and miR-502-3p, which discriminates between ccRCC and pRCC tumours (B). Quantification of miR-210 and let-7c, which discriminates between pRCC1 and pRCC2 (C); *Po0.05; **Po0.01. Tissue samples were classified in an unsupervised manner. All of the tissue samples were classified into tumour or normal samples. Those samples that were predicted to be derived from tumour tissue were further classified into ccRCC or pRCC. Those samples that were predicted to be derived from pRCC tissue were further classified into pRCC1 or pRCC2. For every classification step, the utilised miRNAs, the number of predicted samples and the number of correct predictions are given. The samples (42) in the discovery set (A). The samples (111) in the combined patient sets (B).
(VEGF) signalling pathway or the Insulin signalling pathway. Several predicted target genes, such as mitogen-activated protein kinase kinase 2 (MAP2K2), AKT3 or BAD, are implicated in multiple pathways, demonstrating the potential for miRNAs to influence cellular processes such as proliferation, migration and apoptosis. The miRNAs miR-210 and let-7c showed the best discrimination between pRCC1 and pRCC2. They are predicted to target 10 genes involved in the Jak-STAT signalling pathway, including the v-myc myelocytomatosis viral oncogene homologue (MYC), signal transducer and activator of transcription 2 (STAT2), STAT6, and son of sevenless homologue 2 (SOS2). Furthermore, other predicted target genes imply a regulative impact on Hedgehog signalling via the wingless-type MMTV integration site family member 9B (WNT9B) and tumour protein p53 (TP53)-mediated signalling via BCL2-associated X protein (BAX). These results further support the hypothesis that pRCC2 is a distinct entity of RCC, which uses a unique set of signalling pathways.
DISCUSSION
Several studies have recently demonstrated that miRNA expression profiling represents a useful tool for deciphering the genetic basis of malignant diseases. The miRNA expression profiles are highly reproducible among different patient cohorts, suggesting a possible application as diagnostic biomarkers (Schaefer et al, 2010; Faragalla et al, 2012; Wach et al, 2012) . Similarly, miRNAs have been proposed as prognostic biomarkers in RCC (White et al, 2011b; Faragalla et al, 2012; Slaby et al, 2012) . Here, we present the results of a comparative miRNA expression study with a special focus on the establishment of discriminative miRNA profiles between ccRCC and pRCC subtypes 1 and 2. One common limitation, when addressing pRCC subtypes, is that there are no validated immunohistochemical or molecular biomarkers available for distinguishing between the two subtypes. The method applied for routine pathology is the histomorphological characterisation according to the 2004 WHO classification system (Eble et al, 2004) , which also was the basis for the development of our RCC classification method. The results of our microarray analysis confirmed that RCC is a variety of different entities, each with its characteristic molecular pattern. Interestingly, matched tumour and normal tissue from the same RCC entity displayed a higher similarity in miRNA expression than normal tissue from different entities. It remains unclear whether this is due to pre-malignant changes in miRNA expression in normal tissue, or whether this reflects patient-specific individual miRNA expression profiles.
Recent studies made attempts at defining RCC tumours or tumour entities using miRNAs. One study used 35 miRNAs in a cluster analysis to correctly distinguish between the corresponding pairs of ccRCC and normal tissue (Juan et al, 2010) . Another study used miRNA microarray expression data to define pairs of miRNAs that were used in a vote counting strategy (Youssef et al, 2011) . Using six pairs of miRNAs, this strategy was able to distinguish (with a sensitivity of 97%) between RCC cases of different entities and normal tissue. In our analysis, a set of only four miRNAs could discriminate between tumour samples of different RCC entities and normal tissue with an accuracy of over 86%.
MicroRNAs that are differentially expressed between ccRCC and pRCC have been described. Petillo et al (2009) reported the differential expression of 27 miRNAs (9 primary transcripts and 18 mature miRNAs). Of the 18 mature miRNAs, 10 were identified by our microarray analysis as well. Youssef et al (2011) applied a vote counting strategy using 28 miRNAs to classify tumour samples into ccRCC, pRCC, chromophobe RCC and oncocytoma, with an overall accuracy of 87%. In addition, they developed a binary classification system using 11 miRNAs to distinguish between ccRCC and pRCC. Using the expression data of only two miRNAs, we were able to separate ccRCC from pRCC with an accuracy of 477%. Remarkably, of the 15 miRNAs that have been described as the most significantly deregulated among different RCC entities (Youssef et al, 2011) , 9 were identified by our microarray analysis. To date, no attempt has been made to classify the pRCC subtypes using miRNAs. Using mRNA microarrays, it has been demonstrated that the top 100 deregulated mRNA transcripts were able to define patient subgroups, which were associated with the clinical outcome (Yang et al, 2005) . In our analysis, only two miRNAs were able to discriminate the two pRCC subtypes with an accuracy of 486%. It should be noted that for the discovery set the normal tissue samples were derived from adjacent tissue in close proximity to the RCC lesion. Although the absence of any tumour cells was confirmed by pathological examination, we cannot formally exclude any type of cancer field effect. However, for the validation set, we sought to prevent this by preparing normal control tissue only from the opposite pole of the nephrectomy specimen.
We showed for the first time that expression values of only five miRNAs, measured by quantitative PCR, are able to classify the dignity or entity of the RCC samples with an accuracy comparable to microarray-based techniques. The most pronounced tumourspecific reduction was noted for miR-200c. This result is in line with several publications describing a pronounced downregulation of miR-200c in different RCC entities (Youssef et al, 2011) . MiR200c has been shown to target ZEB1 (Bracken et al, 2008) , thereby influencing epithelial-mesenchymal transition (Bracken et al, 2009 ). An miRNA, which has been consistently reported to be downregulated in cancer, is miR-145. Overexpression of miR-145 causes a repression of c-MYC (Sachdeva et al, 2009) , and an in vivo reduction in metastases (Peng et al, 2011) . MiR-210 is commonly termed as the micromanager of the hypoxia pathway (Huang et al, 2010) . MiR-210 expression is directly controlled by binding of Hif1a to a hypoxia-responsive element (HRE) in its proximal promoter (Huang et al, 2009) . Tumour-specific upregulation of miR-210 has already been demonstrated in RCC cases (Juan et al, 2010) ; however, this study was primarily focused on ccRCC cases. For the first time, we have demonstrated that, in pRCC, miR-210 is expressed at significantly lower levels in pRCC2 than in pRCC1. Therefore, it is tempting to speculate that pRCC2, in contrast to ccRCC or pRCC1, might be less dependent on Hif1a/hypoxiarelated signalling pathways. We also found that let-7c is essential for discriminating between pRCC1 and pRCC2. One prominent target gene of let-7c is MYC (Nadiminty et al, 2012) . This result is in line with previous reports, which demonstrated overexpression of the MYC protein in high-grade pRCC2 (Furge et al, 2007) , as well as an increased RNA expression of myc-induced nuclear antigen MINA (Yang et al, 2005) .
Using GSEA, we found that the ABC family of transmembrane transporters might be influenced in all RCC entities. Among the predicted miRNA targets are MRPs MRP1 (ABCC1), MRP2 (ABCC2) and MRP8 (ABCC11). MRP1 is overexpressed in primary RCC cases (Walsh et al, 2009) . The MRPs are able to efficiently export anticancer drugs, thereby contributing to the low chemotherapy response rate of RCC (Gamelin et al, 1999) . The resistance profile of MRP1, MRP2 and MRP8 includes the chemotherapeutics methotrexate and cisplatin (Chen and Tiwari, 2011) . This points towards the possibility that deregulated miRNAs contribute to RCC chemoresistance.
In summary, we could confirm that miRNA expression profiles are capable not only of distinguishing between tumour and normal tissue samples but also of classifying the entity of RCC cases with high accuracy. Furthermore, we identified miRNAs capable of distinguishing between the two distinct histological variants of pRCC. The characteristic miRNAs and potential target genes that distinguish between pRCC1 and pRCC2 give rise to the hypothesis that type 2 pRCCs are characterised by an MYC expression signature, whereas type 1 pRCCs are predominantly characterised by an Hif1a/hypoxia-related gene expression signature.
